C
ampylobacter species are among the predominant food-borne bacteria in the etiology of gastroenteritis globally, causing 500 million cases of human campylobacteriosis annually (66) . In March 2012, the European Food Safety Authority and the European Center for Disease Prevention and Control published their annual report on zoonoses and food-borne outbreaks in the European Union for 2010. According to the report, campylobacteriosis remains the most commonly reported zoonotic infection in humans since 2005, with a total of 212,064 Campylobacter cases in humans reported in 2010, an increase for the fifth consecutive year with 7% more cases than in 2009 (16) . Clinical symptoms are characterized by fever, abdominal cramps, and watery or bloody diarrhea (45) . Campylobacter jejuni is the major Campylobacter species, and the ingestion of as few as 500 organisms may result in C. jejuni infection (64) . While Campylobacter infection is typically self-limiting, in some cases, this infection is associated with severe enteritis, septicemia, Crohn's disease, and a higher incidence of Guillain-Barré syndrome (46, 82) . C. jejuni and C. coli are confirmed human pathogens, but recent studies have validated that other Campylobacter species, e.g., C. fetus, C. concisus, C. upsaliensis, and C. sputorum, also cause gastrointestinal infections in humans (45) .
Rapid identification is required if proper interventions are to be done and the source and routes of transmission are to be accurately determined. Correct typing of bacterial clinical isolates is critical to assist in epidemiological surveillance, to investigate the routes of transmission, and to understand the distribution of zoonosis and risk factors (12, 58, 72) . Campylobacter spp. are widespread in the environment, members of this genus are ecologically diverse, clinical cases are sporadic, and associated outbreaks are rare. These factors make epidemiology and source tracking challenging (19, 20, 29, 69) . To date, a variety of methods have been used to identify Campylobacter isolates to the species level. These include genotyping methods (76) such as traditional PCR (6, 35, 63, 75) , multilocus sequence typing (MLST) (5, 13, 38, 52, 67, 71) , amplified fragment length polymorphism (4, 8, 15, 40) , pulsedfield gel electrophoresis (PFGE) (24, 62) , loop-mediated isother-mal amplification (LAMP) (80, 81) , and microarray-based methods (73) , as well as serotyping methods (21, 56) and mass spectrometry (17, 18, 25, 47, 78) . Typically, genotyping methods are time-consuming and require highly trained personnel. Taken together, alternative molecular typing techniques would be advantageous for the detection and differentiation of Campylobacter species.
Both infrared and Raman spectroscopy methods are forms of vibrational spectroscopy, and their spectral patterns for biological samples have shown good reproducibility and high discriminatory power (41) (42) (43) (44) . In addition, these bioanalytical techniques are fast, reagentless, and easy to conduct. Thus, they provide the unique advantage of differentiating taxonomic entities at the species or subspecies level on the basis of variations in the spectral features of bacterial cells (41) . Since the two groundbreaking publications in Nature about the use of infrared spectroscopy (57) and Raman spectroscopy (61) to study microorganisms, these two techniques have been extensively employed to detect and discriminate different microorganisms and have been shown to be useful as real-time typing methods in bacterial epidemiology (3, 7, 33, 34, 36, 37, 48, 49, 59, 60, 65, 77) . Fourier-transformed infrared (FT-IR) spectroscopy, in combination with multivariate analyses, has been used to identify and discriminate C. jejuni and C. coli (54, 55) . Recently, complementary infrared and Raman spectral features of C. jejuni planktonic cells, sessile cells in biofilm, and biofilm extracellular polymeric substance were characterized by our lab (42, 44) . The biochemical compositions (i.e., carbohydrates, lipids, proteins, and nucleic acids) of Campylobacter cells were determined by using confocal micro-Raman spectroscopy on the basis of whole-organism fingerprinting (42) .
Due to minor variations within the raw vibrational spectral features of different microbiological samples, the interpretation of spectra requires advanced chemometric tools (2, 41) . The use of pattern recognition can unmask relationships and cluster constituents on the basis of their perceived closeness. Among the spectroscopy-based pattern recognition methods, unsupervised principal-component (PC) analysis (PCA), hierarchical cluster analysis (HCA), and supervised discriminant function analysis (DFA) are three major types, providing either cluster plots or dendrogram structures for segregation and discrimination (31, 32) . Recently, soft independent modeling of class analog (SIMCA) has been extensively employed to study bacterial identification to the species level (42) . In addition, Bayesian probability of vibrational spectral feature significance has been employed to validate PCs selected by PCA for classification model construction (23) and the stability of the derived supervised and/or unsupervised chemometric models could be determined by using Monte Carlo estimations (14, 68) .
Here we report a fast, nondestructive, and reliable analytical approach for the identification and discrimination of Campylobacter species, including emerging taxa, by combining a microRaman spectroscopic analysis with a chemometric data classification approach. This technique shows great potential as a method for the classification of Campylobacter species.
MATERIALS AND METHODS
Strains. Two hundred Campylobacter strains were included in this study. These strains represented 11 Campylobacter species, including: C. jejuni, C. coli, C. lari, C. fetus, C. concisus, C. curvus, C. helveticus, C. hyointestinalis, C. mucosalis, C. sputorum, and C. upsaliensis (see Table S1 in the supplemental material). Additionally, the strain sets for three species included members of both described subspecies, i.e., C. fetus subsp. fetus and venerealis, C. lari subsp. lari and concheus, and C. hyointestinalis subsp. hyointestinalis and lawsonii. The strains were obtained from four different laboratories in the United States and China. RM strain numbers are designations of strains from the Produce Safety and Microbiology Research Unit strain collection at the United States Department of Agriculture (USDA). MEK strain numbers are designations of strains from the Campylobacter Research Lab strain collection at Washington State University. EIQB strain numbers are designations of strains from the Chinese EntryExit Inspection and Quarantine Bureau strain collection at Jiangsu and Tianjin. All strains were isolated from animal, clinical, or food samples. RM strains were typed by MLST. All strains were stored frozen (Ϫ80°C) in Mueller-Hinton (MH) broth containing 12% glycerol and 75% citrated bovine blood. The bacterial strains were cultured routinely on MH agar plates supplemented with 5% citrated bovine blood (MHB) at 37°C under microaerobic conditions (10% CO 2 , 85% N 2 , 5% O 2 , 5% H 2 ) during the experiment.
MLST. MLST was performed as previously described under the conditions and with the primer sets of Miller et al. (52, 53) . MLST amplifications were performed on a Tetrad thermocycler (Bio-Rad, Hercules, CA). Amplicons were purified on a BioRobot 8000 workstation (Qiagen, Valencia, CA). Cycle sequencing reactions were performed on a Tetrad thermocycler by using the ABI PRISM BigDye Terminator cycle sequencing kit (version 3.1; Applied Biosystems, Foster City, CA) and standard protocols. Cycle sequencing extension products were purified by using BigDye X-Terminator (Applied Biosystems). DNA sequencing was performed on an ABI PRISM 3730 DNA Analyzer (Applied Biosystems). Sequences were trimmed, assembled, and analyzed in SeqMan (v 9.1; DNASTAR, Madison, WI).
Preparation of samples for spectrum collection. Campylobacter strains were cultivated in MH broth at 37°C for 24 h under microaerobic conditions (10% CO 2 , 85% N 2 , 5% O 2 , and 5% H 2 ). One-hundred-microliter samples of bacterial cultures were streaked onto MHB and incubated at 37°C under microaerobic conditions for 24 to 72 h. For sample preparation, a calibrated 1-l loop was filled with Campylobacter biomass on MHB and suspended in 100 l of sterile deionized water. After centrifugation for 5 min at 15,000 ϫ g, the supernatant was discarded and the bacterial pellet was transferred to a glass microarray slide coated with a thin film of gold (Thermo Scientific Inc., Waltham, MA). This gold-coated microarray slide has low fluorescence, providing a high signal-to-noise ratio, and is highly compatible with green laser (532 nm) biophotonic applications. Bacterial samples were partially dried on the gold-coated microarray slide for 30 min at 22°C. For an overview of the bacterial sample preparation procedure and the confocal micro-Raman system for spectral collection, see Fig. S1 in the supplemental material.
Raman instrumentation. Two different confocal Raman instrumentation systems were employed in this study. The first Raman system was set up in the United States and used to collect the spectral features of Campylobacter isolates from the United States. This Raman spectroscopic analysis was performed by using a WITec alpha300 Raman microscope (WITec, Ulm, Germany) equipped with a UHTS-300 spectrometer. The spectrometer has an entrance slit of 50 m and a focal length of 300 mm and is equipped with a 600-line/mm grating with a 532.5-nm laser power of 2 mW of incident light on the bacterial sample used. The Ramanscattered light was detected by using a 1,600-by 200-pixel charge-coupled device (CCD) array detector. The size of each pixel was 16 by 16 m. A Nikon 20ϫ objective focused the laser light onto the bacterial samples. An integration time of 60 s (3-s integration time with 20 signal averages) was used for bacterial spectral collection. The z displacement was controlled by a piezoelectric transducer on the objective. The WITec Control v1.5 software (WITec, Ulm, Germany) was employed for instrumental control and data collection. Collection of Raman spectra was performed over a simultaneous wavenumber shift range of 3,700 to 200 cm Ϫ1 in an extended mode.
The second Raman system was operated in China and used to collect the spectral features of Campylobacter isolates from China. A Renishaw inVia Raman microscope system (Renishaw plc, Gloucestershire, United Kingdom) equipped with a Leica microscope (Leica Biosystems, Wetzlar, Germany) and a 514.5-nm green diode laser source was used in this study. Rayleigh scattering was eliminated by the filters. Raman scattered light was collected and dispersed by a diffraction grating, and finally the Raman shift signal was recorded as a spectrum by a 576-by 384-pixel CCD array detector. Gold-coated microarray chips covered with Campylobacter samples were mounted on a standard stage of an Olympus microscope, focused under the collection assembly, and Raman spectra were collected by using a 20ϫ objective with a detection range of 4,000 to 100 cm Ϫ1 . The measurement was conducted over a 60-s exposure time (3-s integration time by 20 accumulations) with approximately 2 mW of incident laser power. The WiRE 3.0 software was used to control the Raman system and collect spectral features.
Spectral preprocessing. Raw micro-Raman spectra contain several types of spectral interferences, including the fluorescence background of the biological sample, CCD background noise, Gaussian noise, and cosmic noise (2) . The background correction was first performed by using a polynomial background fit described by Lieber et al. (39) . This procedure can minimize the effect of different background profiles caused by fluorescence of the microbiological samples on gold-coated microarray slides and the thermal fluctuations on the CCD detector. Spectral smoothing was subsequently done by using a (9-point) Savitzky-Golay algorithm. Because the focal volume of the biological analyte (i.e., bacterial samples) is significantly fluctuated, subsequent normalization is necessary to further process the micro-Raman spectra for quantitative analyses. In this study, the Raman spectra were normalized on the basis of the intensity of the C-H peak in the wavenumber region of 3,100 to 2,900 cm Ϫ1 because this signal represents the total biomass of the Campylobacter cells. According to Rösch et al. (65) and our preliminary analysis, using the abovementioned C-H vibrations for normalization yields the best results for baseline correction (data not shown).
Spectral reproducibility. Vibrational spectrum reproducibility is a critical parameter to determine intralaboratory reliability and to subsequently establish robust and reliable spectroscopy-based chemometric models. There are several factors (parameters) that may affect vibrational spectrum reproducibility, including cell culture age, nutrient availability, cultivation temperature, and spectral wavenumber selection (42) . In addition, vibrational spectral variability was due mainly to biological features and to a lesser extent to instrumental sources (55) . This statement was further validated in this study by using two different Raman instruments. Spectral reproducibility (intragroup [within-strain] variation) was investigated by calculating the differentiation index (D y1y2 ) value (42, 43) as follows:
The lower the D y1y2 value, the better the reproducibility of the Raman spectra for bacterial samples. Spectral selectivity. Spectral selectivity is critical to the detection and discrimination of different types of Campylobacter in a mixture by using Raman spectroscopy combined with chemometrics. Factorization was employed on averaged spectra of the selected Campylobacter species. Factor analysis extracts high-dimensional Raman scattered spectra into several PCs and relevant scores. Spectral distance (SD) was subsequently calculated on the basis of this relevant score, and selectivity (S) was subsequently calculated as the ratio of SD to the sum of the threshold values of the cluster radius scores T 1 and T 2 , according to our previous publications (42, 43) . S values of Ͼ1 were considered to be significant for detection and segregation of selected Campylobacter types from a mixture.
Discriminatory power.
To determine the discriminatory powers of Raman typing, the numerical index of discrimination (D) was calculated (30) . This parameter is based on the probability that two unrelated bacterial strains will be assigned to different typing groups and can be calculated by using Simpson's index of diversity, as follows:
In this equation, N is the total number of Campylobacter strains in the sample population used for the chemometric model, S is the total number of Campylobacter types involved in this model, and n j is the number of the strains belonging to the j th type. A D value of Ͼ0.9 is required for a highly discriminatory typing method, with segregation results interpreted with confidence (72, 77) .
Classification chemometric models. Two different types of segregation chemometric models were employed for Campylobacter identification to the species level. PCA and HCA are unsupervised classification methods that illustrate similarity relationships between Raman spectra without a priori knowledge about the bacteria investigated (28) . DFA is a supervised classification method that constructs a dendrogram structure to segregate bacteria according to their known bacterial characterization (i.e., type) (31, 32) .
A classification of constituents is required to be made before analysis by the supervised DFA model. This classification procedure maximizes the variance between groups and minimizes the variance within the group. The Mahalanobis distance was calculated and is defined as follows:
, where S is the pooled estimate of the within-group covariance matrix and x 1 and x 2 are mean vectors for the two groups. Thus, M 1,2 is the distance between groups in units of withingroup standard deviations (10) .
In this study, several different classification models were established and validated, including: a PCA-based segregation model to determine spectral reproducibility on the basis of different cultivation times, an HCA-based dendrogram model to study the concordance between Raman typing and MLST for selected Campylobacter strains, a DFA-based dendrogram model to classify 11 different species of Campylobacter, and a DFA-based dendrogram global model to differentiate C. jejuni and C. coli isolates from different continents.
A Bayesian probability approach was employed to validate the PCs selected by PCA for a DFA-based dendrogram model to classify 11 different species of Campylobacter. The principle of using a Bayesian probability approach to feature significance for infrared spectra of bacteria has been extensively illustrated by others (23) on the basis that a factor with a large variance has a higher probability for model construction than a factor with a small variance. Additionally, the stability of this model was determined by using Monte Carlo estimation (14) . Briefly, this estimation was employed to construct random models and calculate the variability of the intracluster distances, resulting in the determination of the intracluster geometry. The inverse of the average variance was expressed as stability (68) .
To further evaluate the performance and reliability of the DFA-based global chemometric model in differentiating C. jejuni and C. coli isolates from different continents, SIMCA was continuously employed to determine the recognition rate of the spectral features for Campylobacter identification to the species level. SIMCA is a supervised chemometric model describing a plane (for two PCs), and the mean orthogonal distance of training data from this specific plane is calculated as residual standard deviation and subsequently employed to determine a critical distance (on the basis of F distribution with a 95% confidence interval) for the identification of an analyte (i.e., bacteria) to the species level (11) . Prediction data were subsequently projected into each PC model, and the residual distances were calculated (whether below the statistical limit for a specific class or not) to determine the class to which the prediction data belong.
Identification of mixed Campylobacter strains. We selected C. jejuni RM1221, C. coli RM1051, C. concisus RM3271, C. curvus RM3269, C. fetus RM1558, C. helveticus RM3228, C. hyointestinalis RM2101, C. lari RM1887, C. mucosalis RM3233, C. sputorum RM3237, and C. upsaliensis RM1488 and mixed these strains in equal biomasses, forming a cocktail. C. jejuni strain MEKF38011, C. coli strain MEK2, C. upsaliensis strain RM3776, or C. fetus strain RM2087 was added individually to the 11-strain cocktail at concentrations ranging from 5 to 100% by biomass to form a new mixture. The spectral features of the Campylobacter mixture were determined by using a confocal micro-Raman spectroscopic system.
A supervised partial least-squares regression (PLSR) model was established, and leave-one-out cross validation was applied to challenge the reliability of this chemometric model by removing one standard from the data set at a time and calibrating the remaining standards (1) . The error of leave-one-out cross validation is an unbiased estimate of the actual classification error probability, while the traditionally used holdout method (which employs 70% of the data for model establishment and 30% for model validation) results in a higher estimate of classification error probability (65) . This PLSR model generates a linear regression model by projecting the predicted variables (here, Raman spectral features of a new Campylobacter mixture, i.e., the 11-strain cocktail mixture plus 1 additional strain at various levels) and the observable variables (here, the relative concentration of each Campylobacter strain in a new mixture) to a new space on the basis of a causal network of confirmed latent variables (1, 41) . The suitability of the developed models was assessed by determining the regression coefficient (R), latent variables, the root mean square error (RMSE) of calibration, and the RMSE of cross validation, while the overall suitability of the models for predicting the concentration of a specific Campylobacter strain in the mixture was evaluated from the residual prediction deviation (RPD) (22, 41, 79) .
Statistical analysis. The experiment was performed in three independent replicate trails. The results are expressed as the mean of three independent replicates Ϯ the standard deviation. The significance of differences (P Ͻ 0.05) was determined by one-way analysis of variance following the t test in Matlab.
RESULTS
Raman spectral reproducibility and influence of selected wavenumber regions. We previously analyzed C. jejuni by confocal Raman spectroscopy and made detailed band assignments (42) . Here we analyzed the Raman spectral features of 200 strains from 11 Campylobacter species (Fig. 1) . Five different wavenumber regions were selected to investigate their relationship to Raman spectral reproducibility, including the wavenumber region between 3,100 and 2,800 cm Ϫ1 (designated w1), which is related to the total bacterial biomass; the wavenumber region between 1,800 and 1,500 cm Ϫ1 (designated w2), which provides constituent information about proteins and peptides; the wavenumber region between 1,500 and 1,200 cm Ϫ1 (designated w3), a mixed region of proteins and fatty acids; the wavenumber region between 1,200 and 900 cm Ϫ1 (designated w4), a polysaccharide region; and the wavenumber region between 900 and 650 cm Ϫ1 (designated w5), which is often defined as the "fingerprint" region because of specific spectral patterns. The D y1y2 values were calculated, by using the equations described in Materials and Methods, for each wavenumber region and combinations of wavenumber regions on the basis of the cultivation time for strains of each species and then summarized. As noted below, some different species required different cultivation times to reach a targeted biomass. The highest D y1y2 values were obtained by using the spectral regions designated w1 (18.38 to 24.51) and w4 (20.63 to 26.05), while lower D y1y2 values were derived from w2 (9.30 to 13.71), w3 (11.09 to 14.26), and w5 (7.88 to 12.45). A combination of regions w2, w3, w4, and w5 gave the lowest D y1y2 values (4.79 to 6.03). The addition of w1 to a previous combination of wavenumber regions significantly increased the D y1y2 values to Ͼ20. The lower the D y1y2 value, the better the spectral reproducibility (42, 43) . Therefore, we selected the wavenumber combination of w2, w3, w4, and w5, the wavenumber region between 1,800 and 650 cm Ϫ1 , for further chemometric model evaluation.
Raman spectral reproducibility and influence of cell cultivation time. We determined whether cell cultivation time was a critical factor affecting Raman spectral reproducibility. Of the 11 different species of Campylobacter used in this study, some required a shorter cultivation time for microcolony formation under microaerobic conditions (i.e., C. jejuni, C. fetus, C. coli, C. lari, and C. hyointestinalis, 24 to 48 h), while others needed a longer cultivation time to reach a certain predetermined biomass (i.e., C. upsaliensis, C. sputorum, C. curvus, C. mucosalis, C. concisus, and C. helveticus, 48 to 72 h). PCA was employed to investigate how Raman spectral reproducibility is influenced by culturing time (Fig.  2) . We randomly selected four different strains of C. jejuni ( Fig.  2A) and three different strains of C. sputorum (Fig. 2B) obtained from three different laboratories (RM, EIQB, and MEK) as representative strains to individually establish two-dimensional cluster models (n ϭ 20). As shown in Fig. 2 , tight clusters were formed for each strain on the basis of different cultivation times (24 to 48 h for rapidly growing species and 48 to 72 h for slowly growing species). Calculation of the interclass distance between every two strains of the same species resulted in values ranging from 23.06 to 43.19, based upon Mahalanobis distance measurements computed between the centroids of the classes. Classes with interclass distance values of Ͼ3 are considered to be significantly different from each other (10) . On the basis of these calculations, we selected 24 h as the cultivation time for the rapidly growing species and 48 h as the cultivation time for the slowly growing species.
Raman spectral reproducibility and concordance with MLST. The correlation of Raman spectral reproducibility with MLST when unsupervised HCA is used is shown in Fig. 3 . C. coli (Fig. 3A) and C. concisus (Fig. 3B) were selected as representative Campylobacter species. As shown in Fig. 3A , Raman patterns matched MLST profiles. In one case, C. coli RM2230 and RM1876 are both sequence type 889, and these strains cannot be distinguished by using the Raman typing method. However, for the other eight C. coli strains with different MLST profiles, each profile forms a distinct cluster based upon Raman patterns. This correlation between the MLST and Raman typing methods was also observed in C. concisus (Fig. 3B) and the other nine Campylobacter species (data not shown). Taken together, confocal micro-Raman spectroscopy could provide an alternative to MLST typing for Campylobacter classification, since the results from both classification schemes correlate well.
Evaluation of Raman spectroscopy for Campylobacter identification to the species level. A total of 102 Campylobacter strains representing 11 Campylobacter species and 16 Campylobacter taxa (see Table S1a in the supplemental material) were provided by the USDA and used in a supervised DFA to determine if Raman spectroscopy can unambiguously identify Campylobacter isolates to the species level, and a clear segregation of each Campylobacter species was observed (Fig. 4) . The spectral feature of each strain in the dendrogram is an average of 18 spectra collected from three independent experiments; thus, this chemometric DFA model incorporated data from a total of 1,836 Raman spectra. The corresponding Mahalanobis distances between groups in discriminant analysis were calculated and are summarized in Table 1 . These 
C. concisus (C), C. fetus (D), C. helveticus (E), C. hyointestinalis (F), C. curvus (G), C. lari (H), C. mucosalis (I), C. sputorum (J), and C. upsaliensis (K).
Mahalanobis distances further validate the discrimination between various Campylobacter species. Additionally, the numerical index of discrimination (D), calculated for the Raman typing method by using Simpson's index of diversity, was determined to be 0.968, which is a high score and suitable for the differentiation of bacterial strains (30) .
We employed a Bayesian probability analysis to compare the top 25 features with PCs determined by PCA and found good agreement between the two approaches. The stability of the DFA model was determined by using Monte Carlo estimation. The 25 most significant features, 25 least significant features, and all features were selected and compared on the basis of model stability. The highest DFA model stability was derived from the use of the 25 most significant features (0.45 Ϯ 0.07), and the lowest stability was derived from the use of the 25 least significant features (0.03 Ϯ 0.01). The use of all features resulted in a stability similar to but slightly lower (0.41 Ϯ 0.08) than that obtained by the use of the 25 most significant features. This may be because of interference and noise from nonsignificant features. Taken together, these findings validated the correct choice and use of the selected PCs for the DFA model.
Loading plots were determined to investigate the specific biochemical components most significant for classification and subsequent construction of the DFA dendrogram models for Campy- lobacter strain classification (Fig. 5) . The following coding was programmed into Matlab to perform this loading plot analysis: "figure plot(z,coeff(:,1),=r=); latent ϭ diag(latent); totalvar ϭ sum(latent); explained ϭ 100*latent/totalvar;"
Only the significant loadings (P Ͻ 0.05, represented by the dotted line in Fig. 5 ) were considered. The band at 1,634 cm Ϫ1 is assigned to amide I (9) , and the band at 1,544 cm Ϫ1 is assigned to amide II (9) . The band at 1,510 cm Ϫ1 is derived from ring breathing modes in the DNA bases (41) . The band at 1,401 cm Ϫ1 is assigned to the bending modes of methyl groups of proteins (9) . Thus, the classification of Campylobacter species was based mainly upon the secondary structural features of proteins in the Campylobacter cell membrane. Raman spectral selectivity and sensitivity of Campylobacter detection within a mixture. To determine the detection sensitivity and selectivity of Raman spectroscopy for a particular Campylobacter species within a mixture, four different targeted Campylobacter strains (i.e., C. jejuni MEKF38011, C. coli MEK2, C. upsaliensis RM3776, and C. fetus RM2087) were individually mixed with a prepared Campylobacter cocktail (details in Materials and Methods) at concentrations ranging from 5 to 100%, forming a composite. The Raman spectra were collected for each of these new, concentration-defined mixtures, and the selectivity values, calculated at a 95% confidence interval, for the targeted Campylobacter strain in the composite were determined. Selectivity values of Ͼ1 were considered significant for the detection and differentiation of the targeted analyte(s), in this case, the strain at various concentrations in the prepared composite (42, 43) . Otherwise, overlapping clusters occurred, i.e., samples not significantly different from the spectra of the 11-strain cocktail. In this study, the selectivity value was higher than 1 for all four Campylobacter strains tested, indicating high selectivity (data not shown).
After spectral selectivity was tested, a PLSR model was subsequently established and cross validated by using the leave-one-out method. A reliable linear correlation between the targeted bacterial concentration and its corresponding Raman spectral features was observed, as shown in Fig. 6 . A summary of all of the PLSRassociated parameters is shown in Table 2 . These PLSR models have high R (Ͼ0.98) and RPD (Ͼ7.88) values and a low standard error for both calibrated and cross-validated models. The RMSE of calibration and cross validation were Ͻ0.61 and 0.72, respectively. These results meet the criteria that a good PLSR model should have high R (Ͼ0.95) and RPD (Ͼ5) values and a low RMSE (Ͻ1) for calibration and validation (22) .
Global chemometric models for identification of Campylobacter isolates to the species level. C. jejuni and C. coli account for the majority of Campylobacter-related food-borne enteritis. In this study, we used C. jejuni and C. coli strains (RM, MEK, and EIQB) from four different laboratories in the United States and China to create a composite global chemometric dendrogram model for the identification of C. coli and C. jejuni isolates to the species level and evaluation of strain variability on the basis of an expanded sample size (Fig. 7) . From among them, 20 C. coli RM strains and 60 C. jejuni MEK strains were selected for the calibration set (Fig. 7, labeled in black) and another 20 C. jejuni MEK strains and 20 C. jejuni EIQB strains were selected for the validation set (Fig. 7, labeled in red) . C. jejuni and C. coli were correctly classified, and strain similarity was observed for C. jejuni strains from the two different countries. We employed SIMCA to calculate the recognition rate for strains in the validation set. An average recognition rate of 97.21% was received for clinical C. jejuni strains that originated from both North America and China (Table 3), providing an additional and easy-to-use model for the classification of species by the use of Raman spectroscopy.
DISCUSSION
Previous to this study, there was no single typing method that possessed all of the advantages (e.g., accuracy, speed, etc.) sought for Campylobacter identification to the species level. As emerging Campylobacter species are discovered and their clinical importance is recognized (45) , the ability to properly identify and classify these strains becomes more important. In the present study, we employed confocal micro-Raman spectroscopic typing as a tool to demonstrate the feasibility of its use to complement or substitute for MLST, which could provide an alternative method to improve Campylobacter epidemiological surveillance.
Raman spectroscopy is a noninvasive method that provides a biochemical profile of the bacterial cell wall and cell membrane (41) . The sample preparation procedure is easy, spectral collection is fast, and detection is accurate (28) . All of these factors are advantages of Raman spectroscopy as a tool for clinical microbiology. Confocal micro-Raman spectroscopy has been recently used to detect hospital-acquired Staphylococcus aureus-associated infections (77) , pathogenic endospores (70), clean-room-relevant microbiological contamination (65) , and Candida species (48) . As a complementary counterpart, infrared spectroscopy, especially FT-IR spectroscopy, has been widely used to identify and differentiate various types of bacteria (3, 34, 36, 37, 49, 59, 60) . Mouwen and colleagues applied FT-IR spectroscopy coupled with HCA (55) or an artificial neural network (54) to detect and differentiate C. jejuni and C. coli. However, the sample size was relatively small (fewer than 30 strains in each study). We used about 200 clinical Campylobacter isolates representing 11 different species from four different laboratories in the United States and China (see Table S1 in the supplemental material) and collected about 3,500 Raman spectra (Fig. 1) as the basis to establish various chemometric models for identification to the species level.
Reproducibility drives the reliability of a specific classification method. In the case of Raman spectroscopy, there are several factors that may affect spectral reproducibility, including bacterial cultivation time, growth temperature, medium use, and wavenumber selection (42, 43, 55) . We calculated the D y1y2 values and demonstrated that use of the wavenumber region of 1,800 to 650 cm Ϫ1 provided the lowest D y1y2 value, indicating that the highest reproducibility of Raman spectra would be within this wavelength range (55) . Fortunately, this spectral range includes important features for proteins, polysaccharides, nucleic acids, and lipids. In addition, PCA was employed to show that a cultivation time of 24 h for rapidly growing Campylobacter strains and 48 h for more slowly growing Campylobacter strains resulted in high reproducibility of Raman spectra (Fig. 2) , which was further validated by calculating the interclass distance by using the Mahalanobis distance. Previous studies demonstrated that the shape of the Campylobacter cell (coccoid-spiral forms) and its chemical composition vary as the culture ages (26, 27) and that these physical parameters could possibly affect the spectral features obtained if not properly controlled (42) . Additionally, the carbohydrate composition of Campylobacter cells is influenced by metabolic activity and cell membrane structure, which may also be reflected in vibrational spec- ) (55) . We used MH broth or MHB as the medium for Campylobacter cultivation under the same microaerobic conditions for the cultivation of all of the strains tested. In summary, this appeared to have provided a suitable protocol for bacterial sample preparation that was able to ensure high reproducibility of Raman spectra.
MLST profiles correlated well with the Raman spectral features of Campylobacter strains obtained by using unsupervised HCA (Fig. 3) . However, subspecies could not be discerned on the basis of this method. Three of the species tested contained two different subspecies (i.e., C. fetus subsp. fetus and venerealis, C. lari subsp. lari and concheus, and C. hyointestinalis subsp. hyointestinalis and lawsonii), but these strains were indistinguishable. Previous studies that used FT-IR spectroscopy for C. jejuni and C. coli identification to the species level also showed a good correlation of spectral features relative to PCR typing (55) . In other studies, matrix-assisted laser desorption ionization-time of flight (MALDI-TOF) mass spectrometry, another method of bacterial typing, was employed to classify Campylobacter bacteria and showed a good correlation with genotyping techniques. Different Campylobacter species could be classified on the basis of biomarker ions, specifically from proteins (18, 47, 78) . However, these MALDI-TOF mass spectroscopic methods require exact extraction protocols for the recovery of an analyte(s) from bacterial cell lysates that are more complicated than that required for the Raman spectroscopic method (17) . In addition, the sample matrix is inhomogeneous and the selection of "hot" spots that optimize ion formation is required. This subsequently resulted in poor spectral reproducibility that could be compensated for, in part, by coadding individual spectra. Similar spectral reproducibility issues were also observed when using surface-enhanced Raman scattering spectros- copy for bacterial analysis (31, 32) . This is the major reason that we used traditional confocal micro-Raman spectroscopy for this study.
On the basis of the use of 102 strains representing 11 Campylobacter species, a comprehensive Raman spectroscopy-based dendrogram was constructed (Fig. 4) . This dendrogram was generated by using supervised DFA, and the corresponding Mahalanobis distances were calculated (Table 1) to further validate the reliability of this model for the prediction of potential Campylobacter clinical isolates in the future. Bayesian probability was employed to confirm the correct selection of PCs by PCA, with a further validation by Monte Carlo estimation on the basis of determination of model stability. A PC DFA-based loading plot was determined to evaluate the specific chemical components (Fig. 5) , and protein secondary structure dominated the classification of different species of Campylobacter bacteria. This would be anticipated on the basis of other studies of bacterial classification using Raman spectroscopy (41) or infrared spectroscopy (51) , where changes to amide I and other protein features tend to be the most important for bacterial classification.
Being able to identify the composition of a bacterial mixture is important because clinical and environmental samples can be composed of several different Campylobacter species (47) . The correct identification with high selectivity of a specific species in a mixture can improve the accuracy of epidemiological surveillance. We employed a Raman spectroscopy-based PLSR model to predict the actual concentrations of selected Campylobacter species (i.e., C. jejuni MEKF38011, C. coli MEK2, C. upsaliensis RM3776, and C. fetus RM2087) in a prepared Campylobacter cocktail composed of 11 different species. The prediction value was very precise, with a linear relationship between the actual bacterial concentration and corresponding Raman spectral features ( Fig. 6 and Table 2) .
A global classification model was established and validated to segregate C. jejuni and C. coli by DFA (Fig. 7) , and a further validation was performed by using SIMCA (Table 3) . Both supervised chemometric models demonstrated a high recognition rate, with a DFA dendrogram model performing a bit better than SIMCA. This usually happens because the classifier in the SIMCA model sometimes identifies samples (i.e., spectra) as members of multiple groups (11) . In this study, the SIMCA model had a 97% average recognition rate, indicating the good reliability of our global Raman spectroscopy-based classification model. In addition, strain similarity was observed for C. jejuni strains from different countries and successful discrimination at the strain level was still received on the basis of a distensible sample size compared to Fig. 5 .
Finally, we compared the times required for Raman typing and other current typing methods. Starting from the confirmation of a positive Campylobacter culture, classical serotyping requires at least 5 to 7 days for completion (56) . For genotyping methods, flaA sequencing takes approximately 2 days (8, 50, 76) and PFGE, the "gold standard," takes 3 to 4 days (4, 6), although a rapid PFGE method that takes 24 to 30 h was recently developed (76) . The LAMP technique takes about 24 h (80, 81), and currently used MLST takes a minimum of 24 h (38, 52, 67) . In contrast, our Raman spectroscopic classification method can significantly save analysis time and reduce reagent cost. For example, following cultivation, sample preparation of 30 clinical Campylobacter isolates takes about 1 h, including 30 min of partial dehydration required for the preparation of a bacterial sample for presentation to the confocal micro-Raman instrument. Another 40 min is needed to collect spectra, process the data, and predict the bacterial species by using a validated chemometric model. Thus, the diagnostic work could be finished within 2 h after a validated model has been established.
Recently, a more powerful laser was generated and its application as biophotonics coupled with a microfluidic environment forming a "lab-on-a-chip" system for bacterial identification and classification has been reported (74) . The same quality (e.g., resolution) of Raman spectra for bacterial samples can be obtained with a spectral collection time of 1 s. This can significantly shorten the diagnostic time and permit the use of a continuous system, thus reducing sample handling. Here we report the sample preparation, instrument operation, and data analysis procedures for the use of this Raman typing technique to classify various Campylobacter species. It has the potential to be employed as a standard diagnostic tool in each microbiology lab- 
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